Abstract --Feeder reconfiguration is performed by changing the open/close status of switches. Primary distribution networks contain two types of switches, known as tie switches (normally open) and sectionalizing switches (normally closed). These switches are designed for both protection and configuration purposes. A whole feeder or part of a feeder may be served from another feeder by closing a tie switch linking the two while an appropriate sectionalizing switch must be opened to maintain the radial structure of the system. In this paper the problem is formulated as a multi-objective problem considering four objectives related to minimization of the system power loss, minimization of the deviations of the nodes voltage, minimization of branch current violation and minimization of feeder's currents imbalance. Since these objectives are different and difficult to be solved by the conventional approaches that may optimize only a single objective. A new approach, based on the Differential Evolution algorithm (DE), is presented, allowing the topological and electrical constraints to be satisfied. DE is a well-known and uncomplicated population based probabilistic approach for comprehensive optimization. This paper also aims to include the effects of Distributor Generators (DGs) outputs. The validity and effectiveness of the proposed algorithm is demonstrated using two different test systems, 16 and 33-bus distribution network having three substations and one substation respectively. The proposed algorithm is also compared to some alternative methods such as Genetic Algorithm.
INTRODUCTION
The existing distribution networks are actually growing in complexity, due to the gradual increase of power demand and the existence of customers with more sensitive loads. Each feeder in a distribution system has a different mixture of commercial, residential and industrial type loads, and it is well known that the daily load variations of these load types are dissimilar. Consequently, the peak loads on substation transformers, on individual feeders, or on feeder sections occur at different times (non-coincidence of peaks). Feeder reconfiguration allows the transfer of loads from heavily loaded feeders (or transformers) to relatively less heavily loaded feeders (or transformers). Such transfers are effective not only in terms of altering the level of loads on the feeders being switched, but also in improving the voltage profile along the feeders and effecting reductions in the overall system power losses [1] . Power loss in a distributed network will not be minimum for a fixed network configuration for all cases of varying loads. Hence, there is a need for reconfiguration of the network from time to time. Network reconfiguration is the process of altering the topological structure of feeders by changing open/closed status of sectionalizing and tie switches. In general, networks are reconfigured to reduce real power loss and to relieve overload in the network. Nowadays the renewable energy resources have become a major alternative energy sources. They can compensate the disadvantages encountered in the centralized generation dispatch. These generators, also known as distributed generation (DG), are installed in the network to serve as a source of power at on or near the site where they are to be used. They can be driven by different types of resources and technologies such as wind, solar, fuel cells, hydrogen, and biomass has drawn an attention for utilities to accommodate DG units in their systems [2] [3] . In real system the location of the existing DG units is not quite demonstrated by utility company because it is customer owned. Therefore, its location and size are not controllable and if it is agreed to be integrated into the grid then it becomes a kind of fixed source. On the other hand, if it is owned by utility company then its location and size may be determined based on some optimization methods such as, sensitivity analyses as presented by Das [4] or Loparo [5] , or any other methods. To date there is no standardized regulation enacted to define the frequency of reconfiguring distribution network. However, because distribution network applications use a lot of real-time information, which usually has a discrete time step of an hour [6] , distribution networks may be configured in each hour based on the status of time-varying loads, and available output power from the DG units [7] [8] . Differential evolution (DE) is a stochastic, population-based search strategy developed by Storn and Price [9] in 1995. While DE shares similarities with other evolutionary algorithms (EA), it differs significantly in the sense that distance and direction information from the current population is used to guide the search process. In DE algorithm, all solutions have an equal opportunity of being preferred as parents, and selection does not depend on their fitness values. In DE, each new solution fashioned competes with its parent and the superior one wins the contest [10] . Nowadays, the integration of renewable sources has made the grid to become very complex optimization problem that cannot be easily solved with existing classical mathematical optimization methods. DE performance depends on two processes, known as mutation process and recombination (crossover) process. There are two tuning parameters, called scale factor (F) and crossover probability (CR), which control the performance of DE in its mutation and 978-1-5386-5398-2/18/$31.00 ©2018 IEEE recombination processes. In DE operation the child vector is generated by applying the mutation and crossover operation. In mutation operation, a trial vector is generated with the help of the objective vector and two erratically preferred individuals. The deviation in objective vector depends on mutation factor F and the difference between the randomly selected individuals. On the other hand, the crossover operation is applied between the objective vector and parent vector to generate the child vector using crossover probability (CR). As any other method these tuning factors have a boundary such that large values may results in skipping of actual solutions and small values also may cause performance degrades. This makes it clear that the conflicts in the child vector from the parent vector depends on the values of F and CR. In this work, the meshed network is formulated first based on the number of tie switches. Then, each chromosome of the population matrix contains a number of open switches called genes, each gene representing switch number. For example, s15, s21, and s26 are the genes of this chromosome, and represents the open switches in three meshes, respectively, as shown in Figure 1 . This paper is organized as follows: section II represents the reconfiguration technique of distribution system before and after reconfiguration using both test systems. Section III introduces problem formulation using 16-bus test feeder for illustration propose. Section IV Presents the proposed Differential Evolution algorithm DE. Simulation results and discussion of both test systems are given in section V. Conclusions are provided in section VI.
II.
FEEDER RECONFIGURATION TECHNIQUE The assumption is that every line section in the distribution system is associated with a switch in order to be controlled. When closing a certain tie switch, the loop is formulated and the number of nodes and branches includes the tie switch are observed. Then opening each branch in the loop is an option to retain the radial structure. For each option, evaluate the objective function and the optimal solution can be found by comparison of different options. The factors to be considered in reconfiguration are described below.
A. Real power loss =
Where, ( ) = total real power loss when ℎ branch in the loop is opened, and 0 = total power loss in the network before reconfiguration. For the best results, the value of has to be less than unity.
B. Maximum voltage deviation = − (2) where, = substation voltage in . ; , = voltage of node corresponding to the opening of the ℎ branch in the loop in p.u.
C. Maximum branch current
where, | ( , )|= current magnitude of branch when the ℎ branch in the loop is opened.
( ) = maximum current carrying capacity of branch .
D. Feeder load balancing
where, , = current of feeder corresponding to opening of the ℎ branch in the loop.
= maximum of all the feeder currents corresponding to opening of the ℎ branch in the loop, that is = max ( , ).
The four objectives are now combined through an appropriate weighting factors to form the objective function as follows: The strategy of the reconfiguration herein is that at the beginning all of the tie switches are considered. Then run the load flow program to compute the voltage difference across all tie switches and detect the open ties which have the maximum voltage difference. Then consider closing this tie switch first, as it is expected that this switch will cause a maximum loss reduction, minimum nodes voltage deviation, minimum branch current constraint violation, and better load balancing. 
III.
PROBLEM FORMULATION The complexity of any optimization problem depends on the objective function formulation and constraints considered. The reconfiguration problem is illustrated using the threefeeder system as shown in Figure 1 . Data for this system can be found in [11] . This sample distribution system contains three feeders with thirteen normally closed sectionalizing switches and three normally opened tie switches, namely s15, s21, and s26. The loss minimizing problem is known as:
with
such that,
where, = total line losses of the feeder. = status vector of the switch.
= total number of branches in the whole system. = current magnitude of branch .
= IV. DIFFERENTIAL EVOLUTION ALGORITHM Differential evolution is a strategy that optimizes a problem by iteratively trying to enhance an individual solution with regard to a specified gauge of excellence. DE algorithm is used for multidimensional real-valued functions, so DE does not need the optimization problem to be differentiable as is mandatory for traditional optimization methods [10] . DE algorithm optimizes a problem by considering a population of candidate solutions and generating new contestant solutions by combining existing ones according to its straightforward formulae, and then memorizing whichever candidate solution has the superlative score or fitness on the optimization problem at hand. General problem formulation of DE is as follows DE differs from other algorithms such that: 1) Mutation is applied first to generate a trial vector, which is then used within the crossover operator to produce one offspring. 2) Mutation step sizes are not sampled from a prior known probability distribution function. 3) In DE, mutation step sizes are influenced by differences between individuals of the current population.
For an objective function ∶ ⊆ ⟶ where the feasible region ≠ ∅, the minimization problem is to find * ∈ such that ( * ) ≤ ( )∀ ∈ (8) such that: 
where, =population size = generation number = D-dimensional search space
A. Initialization
The initialization procedure is to define the upper and lower bounds for each parameter such that ≤ , , ≤ (10) Then randomly select the initial parameters values uniformly on the intervals [ , ] . In addition, when setting these bounds the following rules has to be obeyed: 1) All feeder section must be served, 2) Radial network structure must be retained, 3) Node voltage magnitude within bounds, 4) Branch currents also must be within bounds. 5) The edge of two adjacent meshes cannot contain more than one open switch simultaneously.
B. Statistics
Load-flow computation (6) is been used as a fitness function by adding some constraints such as
where, , , and , are the penalty factors that can be adjusted in the optimisation procedure. and are defined as:
If one or more variables violate their limits, the penalty factors will increase, and the corresponding chromosome will be omitted from the list to avoid generating the same infeasible solution again.
C. Mutation
One of the DE advantages is searching from a large search space, and the mutation procedure expands the search space. Each of the N parameter vector undergoes mutation, recombination, and selection. To illustrate that, for a given parameter vector , randomly select three vectors , , , and , such that the indices , 1, 2 and 3 are distinct. Then calculate the donor vector by adding the weighted difference of two of the vectors to the third such that:
where, F = mutation scale factor is a constant from [0,1].
D. Recombination
Recombination incorporates successful solutions from the previous generation. The trial vector , is developed from the elements of the target vector, , and the elements of the donor vector, , . Then, the elements of the donor vector enter the trial vector with the probability CR. Thus, 
E. Selection
There are two functions for the selection operator. First, it selects the individual for the mutation operation to generate the trial vector. Second, it selects the most excellent among the parent and the offspring based on their fitness value for the next generation. The target vector , is compared with the trial vector , and the one with the lowest function value is admitted to the next generation. V.
SIMULATION RESULTS AND DISCUSSIONS The proposed topology to reconfigure the distribution feeders for loss reduction and managing the grid connected DG unites is tested on two test feeders 16-bus test system shown in figure. 1, and IEEE 33-bus test system shown in figure. 3. The following test results are assessed: 1) Distribution feeder result before reconfiguration, 2) Distribution feeder result after reconfiguration, 3) Distribution feeder result after reconfiguration with DG, 4) Distribution feeder result after reconfiguration with DG using genetic algorithm, 5) Distribution feeder result after reconfiguration with DG and using the proposed algorithm DE, and comparing the obtained results with the ones obtained using GA.
A. Examples Figure 1 shows the 16-bus test system with three initially opened tie switches. Figure 3 shows the reconfiguration of the revised 33-bus test system with five normally opened tie switches. The 16-node test system is represented by its equivalent circuit in a single line diagram. The substation nodes are numbered as 1,2, and 3 respectively. This test system has 3 substations, three main feeders, 16 nodes, 13 sectionalizing switches, and 3 tie line switches. The system total active power is 28.7MW, and total reactive power is 17.3MVar. In this work, the assumption is that each one of the three transformers can carry the total loads of the network. The second example is a 33-node radial distribution system [14] . This test system is presented on a per phase basis and the loads along the feeder are considered as a spot load with constant , loads placed at the end of the lines. In addition, each line in the system is associated with a sectionalized switch. This system has five tieswitches (dotted lines) numbered as (33, 34, 35, 36, 37) and 32 in service branches (solid lines) and 33 nodes. The system has a total load of 3.715 MW and 2.30 MVar. Base values for both systems are 12.66kV and 100MVA respectively. 
B. Simulation Analysis
In this paper, forward and backward sweep algorithm is used for load flow analysis since it is using some simple algebraic equations and gives accurate results for distribution system [4] . The analysis is performed in different testing criteria. For instance, both test systems are tested before and after reconfiguration without DGs, and then the test is performed with integrating single and multiple DG units. Finally, simulation and discussion using GA and proposed DE algorithm. Table 1 presents the load flow results for both test networks before and after reconfiguration without DGs. The network for this case is configured using Das method, Genetic Algorithm and proposed DE algorithm. Table 2 shows the results after reconfiguration with installing single and multiple DG units at different locations. Taking in account the effect of positive and negative output reactive power of the DG unit, since Distributor generators can generate or consume reactive power.
Loss reduction depends on network topology and the amount, location and output power of the DG units installed in the distribution system. The integration of DG units adds positive active power injections to the grid (injects negative current). In this part, the installation node and capacity of DGs are not optimum. The reason is that owners of DGs determine the installation location and capacity of the unit to improve their economic benefits. Basically, the owners of DGs are usually individuals and non-utilities. Therefore, in this case the size and location are not controllable. If the owner of DGs is the utility company, then the choice of the locations and sizing is important because additional DGs may cause an increase of power losses.
The simulation parameters of DE algorithm are shown in Table 3 . The most important ones are the mutation and crossover factors, because they create a new trial matrix from mutation and recombination procedure. Then each trial is evaluated and compared with the original population matrix in order to obtain the beast fitness and memorize it. Figure 4 shows the performance of the DE algorithm such that the system reached the optimal minima in faster time and less iteration. The idea herein is that for each evaluation step the size of the population matrix is updated in order to prevent from evaluating the same trial more than ones. This means that, since the topology is to memorize the trials with best fitness value, the stopping criteria is met when the all the rows of the trial matrix becomes similar. In contrast with GA, the minimum loss reduction found by GA is 0.0061 p.u, but the ones obtained by DE was 0.0060 p.u., because DE search from a larger space and moreover the mutation operation also expands the search area. The simulation results of the first case for the network reconfiguration without placing a DG unites are shown in Table 1 . It is evinced that by applying the proposed method the system real/reactive power losses are minimized to 0.0060 and 0.0064 p.u respectively for the 16-bus test system, and 0.0010 and 0.0008 p.u for the 33-bus system. The weakest node voltage magnitude is improved to 0.9588 p.u and 0.9382 p.u for both test system respectively. Table 2 shows the results for the second case after installing a single and multiple DGs at different locations using DE algorithm. The obtained results show that system performance in terms of power losses and voltage profile has been improved more than those shown in Table 1. VI. CONCLUSION In this paper, a new approach has been proposed to reconfigure the distribution network with the impact of the existent and planned DG units. In addition, different loss reduction and load balancing scenarios, such as before/after network reconfiguration, with/without including DGs, and after reconfiguration with the present of single and multiple DG units are also simulated to validate the effectiveness of the proposed method. An efficient differential evolution algorithm is used in the optimization process of the network reconfiguration. The proposed methods are tested on 16-and 33-bus systems. The simulation results have demonstrated that the DE algorithm achieved better performance than traditional methods including genetic algorithm.
